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Abstract 
Previous research suggests the existence of sentiments in online social networks. In comparison to 
real life human interaction, in which sentiments have been shown to have an influence on human 
behaviour, it is not yet completely understood which mechanisms explain how sentiments influence 
users in online environments. We develop a theoretical framework that tries to bridge the gap between 
social influence theories that focus on offline interactions on one hand and online interaction in social 
networks on the other hand. We then test our hypothesis about the influence and dissemination of 
sentiments in a quantitative analysis that is based on retrieved textual messages of communication 
patterns in over 12000 online social networks. Our empirical results suggest a general influence of 
sentiments on node communication patterns that is evidenced by increased occurrences of subsequent 
messages that express the same sentiment polarization. We interpret these findings and suggest future 
research to advance our currently limited theories that assume perceived and generalized social 
influence to path-dependent social influence models that consider actual behaviour. 
 
Keywords: Social Network Analysis, Sentiment Analysis, Communication Patterns. 
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1 Introduction 
The use of social network applications in the internet is growing continuously. The platforms differ in 
terms of type or purpose, such as discussion forums, chats, newsgroups or other forms of 
communication (Boyd and Ellison, 2008). In addition to the heterogeneity of social network 
applications, there are different types or roles of online users with specific activity patterns 
recognizable. Users have a variety of motivations to stay online or get connected by joining such 
social networks or communities, such as common interest, friendship or social support (Angeletou, 
Rowe et al., 2011; Ridings and Gefen, 2006). In this context, the role of emotions and sentiments 
expressed in textual communication in interpersonal online communication emerges as an important 
field of research. Despite the attenuation of non-verbal signals in most computer mediated 
communication (CMC), various studies suggest the existence of emotions and sentiments in online 
networks. As one of the first analyses of the existence of emotions or sentiments in electronic media 
Rice and Love (1987) inquired into emotional aspects of computer-mediated communication. The 
authors found that although this communication media limits the transfer of non-verbal signals, about 
one third of all posts in discussion forums expressed an emotional message (Rice and Love, 1987). 
In 2007, Derks et al. have examined differences that can be identified regarding the communication of 
emotions in face-to-face communication and CMC. Results confirmed the findings of Rice and Love. 
Emotions are abundant in CMC and there is no indication that CMC is to be understood as an 
impersonal medium, or that it is difficult for the user to communicate emotions online (Derks, Fischer 
et al., 2007). Thelwall and Wilkinson analyzed the existence of sentiments and emotions in online 
social networking sites in postings on user profiles. Their findings suggest that positive emotions are 
present in about two thirds of the analyzed comments. Negative emotion is much less present than 
positive emotion and is furthermore not associated with gender. Generally, it has been shown that 
Social Networking Sites are an emotion rich environment (Thelwall and Wilkinson, 2009). 
Based on the apparent salience of sentiments in online networks, research efforts aimed at analyzing 
the consequences of affect in social networks. Bollen et al. (2009) have studied collective emotional 
states and other socio-economic phenomena. They argue that collective emotional states can be found 
in social networks and that their influences within social networks can be measured. Further, positive 
or negative events have a significant immediate and specific effect on public mood in social networks 
(Bollen, Goncalves et al., 2011; Bollen, Pepe et al., 2009). 
While these studies show the importance of affect in virtual communication, there is a paucity of 
studies that interrogate the unfolding processes of social influences that may explain the dynamics or 
complex collective states. Such research into processes of actor-driven sentiment propagation only 
recently emerged for physical interactions among people. For example, Fowler and Christakis have 
identified happiness spreading effects among humans and the emergence of clusters of happy and 
unhappy people over time (Fowler and Christakis, 2009). 
Our study contributes by inquiring into affective social (influence) processes that happen online. In 
particular, we seek to assess likely similarities between influence of sentiments in offline people 
interaction and online communication with its specifics and characteristics such as reduced non-verbal 
communication parts. We add to the general discussion of social influence in the information systems 
context by adopting a social network perspective that further considers the temporal sequence of the 
unfolding interaction processes. This allows us to move on from some generalized perceived social 
influence to shed light on the role of concrete paths of interpersonal processes.  
In brief, our research work aims at improving our understanding of sentiments in communication 
patterns by uncovering basic mechanisms of influence and dissemination evaluating the propagation or 
distribution of sentiments in online social networks. In the frame of this work, sentiments are defined 
as any affective expressions in communication. The general research question can be verbalized as 
follows: 
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Is there any influence (or dissemination) of sentiments embedded in textual communication on 
message exchange in online social networks and are there typical patterns that can be identified? 
Benefitting from a very large set of 12786 different social networks, our analysis is concerned with 
general conclusions that are independent of specific user roles or network types. Users are in focus of 
the analysis communicating with (concrete) other participants in online social network environments. 
Users’ interaction is broken down into sequences of interactions with other users and is analyzed 
regarding embedded sentiments and typical message exchange patterns.  
2 Theoretical Framework 
For our theorization of the processes of relational social influence in this domain, we can draw from an 
extensive body of extant socio-psychological research. As a grounding framework we base our inquiry 
on the perspective of social influence theory (Cialdini and Goldstein, 2004; Kelman, 1958; Rashotte, 
2007). It focuses on the general influence and interdependences of personal behavior and provides a 
broad range of concepts to explain how people’s individual actions are affected by other people as a 
result of interaction. Social influence does not directly trigger actions but rather affects individual 
attitudes, as positive or negative evaluations. According to Kelman, three types of social influence can 
be distinguished: compliance, identification and internalization. Compliance can be described as 
outward agreement with others by keeping own dissenting opinions private. Identification indicates 
human behavior influenced by someone important and respected from others. Finally, internalization 
covers concepts describing people’s acceptance or belief both in public and in private and therefore 
represents a strong influence. 
Within this high level theory of social influence, theories of interpersonal behavior are focusing on 
human behaviors that complement each other. Our theorization can be informed by the interpersonal 
complementarity theory of Kiesler (1983), who suggests an “interpersonal circle” that predicts which 
behavioral patterns are most likely to follow after another in a reactive sequence. Correspondingly, 
each action of one user with a certain sentiment direction, e.g. positive, is most likely to trigger a 
response from another user that bears the same sentiment direction, e.g. friendliness invites 
friendliness (Kiesler, 1983).  
A similar prediction is suggested by the theory of emotional contagion. It explains the process by 
which human emotional states are influenced by other people through interaction and communication. 
People consciously and unconsciously adopt emotional states of their communication partners. 
Although emotional contagion theory is essentially based on the effect of interpretation of non-verbal 
parts of human communication which are suppressed in online communication, it has been shown that 
emotional contagion is also present in online environments (Belkin, Kurtzberg et al., 2006; Hatfield, 
Cacioppo et al., 1993). Based on these theories, we can hence expect to find evidence for lock-in 
effects between individual pairs of users: Sentiments embedded in online communication exchanged 
within a node’s personal ego-network should have a measureable impact on the polarization of a 
subsequent message of another node. The influence should be observable as an increased likelihood of 
subsequent messages with identical sentiment polarization in the sequence of received and transmitted 
messages. Based on the above theories, we can derive and formalize the following hypothesis for the 
process of message reception and response of nodes in online social networks: 
H1)  Online social networks exhibit an increased occurrence of sequential message pairs with 
identical sentiment polarization (e.g. positive > positive; negative > negative) and a 
decreased occurrence of sequential message pairs with different sentiment polarization. 
This type of a stochastic lock-in effect and the interpersonal influence would suggest that the whole 
network eventually should end in some equilibrium either with either only positive or only negative 
sentiment. However, Greetham et al. (2011) have analyzed the relationship of social networks and 
positive and negative affect and found slightly different effects for positive and negative sentiment 
valence. Their data was collected by logging personal communications within several communication 
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media together with several node properties and measurement of positive and negative affect through 
self-reports. Results exhibit no evidence for contagion processes that percolate through the network, 
but positive affect tends to move towards a medium level whereas negative affect tends to be drawn to 
either low or high values (Greetham, Hurling et al., 2011). This finding is corroborating the above 
theories in that affective influence is inviting responses that maintain the polarization (i.e. positive or 
negative) of the sentiment leading to increased polarization. At the same time, sentiments in online 
networks do not neccesarrily exacerbate to polarized extremes but instead exhibit some kind of 
relaxing feature. We therefore state: 
H2)  Patterns of sentiment in online social networks do exhibit some kind of polarization feature 
leading to an decreased occurrence of neutral messages as responses to polarized (positive or 
negative) messages. 
H3)  Online social networks do exhibit some kind of relaxing feature leading to an decreased 
occurrence of polarized messages as responses to balanced messages (expressing even-
tempered sentiments). 
With our research we augment current theories of generalized social influence with more precise 
theories that emphasize interdependent actor behaviour triggered by sentiment influences. 
3 Data for Analysis 
In order to study actual processes of actor-driven sentiment propagation instead of individuals’ we 
adopt a social network perspective. We define the units of analysis as actors embedded in social 
networks communicating within their personal ego-network. The actors’ participation in online social 
networks is mainly characterized by processes of receiving, answering or transmitting messages from 
or to other nodes within the network.  
The data basis for this analysis covers a broad range of online interaction networks in discussion 
forums, internet relay chats and micro-blogging services in the internet. To be able to create 
conclusions that span heterogeneous data sources, all data were transferred into a coherent event-based 
data model. This section now outlines the general approach, the adopted data model and a description 
of how we coded and tagged the sentiment of the data. We then provide an overview about the details 
of the size and elements of the datasets. 
The data for our analysis is based on social interaction from four different domains. The datasets 
include discussion forums, internet-relay chats and micro-blogging posts. The forum discussions were 
taken from the BBC website (forum dataset 1) as well as the online portal Digg.com (forum dataset 2). 
Our database contains all discussions from 7 BBC message boards from 2005 till 2009. In addition to 
it’s news aggregator function, the website Digg.com includes an online discussion forum. The dataset 
2 includes a complete crawl of all story related discussions and covers the months February, March 
and April of the year 2009. The IRC dataset includes chat interaction from the Ubuntu e-community 
and contains chat dialog recordings from 57 different communication channels and covers a period 
between summer 2005 and 2010. The micro-blogging dataset is based on Twitter posts from February 
2010. All data sets are based on English textual communication.The datasets cover different sized 
periods from past years. We do not expect changes in the fundamental sociological processes hence 
the different age and time spans of the datasets should have no impact. 
As already mentioned above, each data set has a specific underlying data structure, determined by the 
individual technical properties of the internet service in use. To allow for a comparison measurement 
method, all datasets have been transformed into a coherent data model. The goal was not only to store 
all information in a similar manner but also to convert the data into a network perspective projecting 
the users and their specific contribution from the online discourses into networks of nodes and 
concrete links among them. 
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The applied data model is based on the model for event-driven dynamic network analysis as proposed 
by Trier (2008). In contrast to the conventional simple matrices of nodes and their relationships that 
often only capture whether a relation is existent or absent (0 or 1), the linkevent-based data model 
models three main elements: networks, nodes and communication events, so called linkevents. In 
contrast to just considering relationships as a static unit of analysis, the model hence considers 
individual relational events that constitute the relationship and allow for assigning properties that can 
enter the network analysis. This approach enabled us to study the temporal unfolding of network 
dynamics required for the analysis of social influence processes. 
The data from all data sets have been converted and transformed into social networks. The users, 
represented as network nodes, participate within the online applications by exchanging or posting 
textual messages, such as forum posts, chat conversions or micro-blogging posts. These exchanged 
textual messages were stored as directed linkevents within the networks. In case of the forum datasets, 
these linkevents are post or comments on a forum website. Each of these posts or comments can be a 
reply to another post or can quote some other posts and by that create a link between different users. In 
case of the chat dataset, each linkevent is a message within a specific chat channel that includes a 
direct reference to another user and can therefore be interpreted as a direct message exchange. In case 
of the micro-blogging dataset, the linkevents are Twitter posts from users including a direct reference 
or mention of another user, excluding re-tweets which can be interpreted as directed communication 
but do not include new user created content. 
All data was stored in a relational database (based on MySQL). This enabled us to store both message- 
(direct) and thread-based (indirect) communication networks. Chat communication, for example, 
represents direct communication whereas forum posts represent indirect communication, where there 
is no direct sender-recipient relationship but, instead, postings can include references to other posts, 
which are written by another author. Each linkevent has a sender (author) and can have one or more 
recipients or in case of indirect communication one or more references to other posts, e.g. replies or 
quotes. 
The linkevents among nodes of the network are aggregated to links between them. In case of the 
indirect relationship, the link is established between the author of the post and the author of the 
referenced post. Despite the indirect nature of forum posts, such communication can be interpreted as 
a link between nodes. Although people are responding to posts or comments, they actually refer to 
people (Zhongbao and Changshui, 2003). A network link is established if there is at least one 
exchanged message between the users (see Figure 1). 
 
Figure 1.  Network links as aggregation of messages 
The perspective change from the original online discourse to social networks allows the emergence of 
social networks independent form the technical restrictions of specific web pages or communication 
channels. Despite these technical differences in linking to others, from a user’s perspective, all 
different domains share the general property that people are exposed to the social influence of other 
users in similar ways – regardless whether it is a posting, a direct message or some previous tweet that 
the actors respond to.  
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The data basis for this analysis is based on disjoint social networks that we elicited from the outlined 
datasets. Each network within the event-based data model represents the connection between all nodes 
(users) and the linkevents (exchanged textual messages) within a defined context. In case of the forum 
datasets, the definition of a network boundary is based on a discussion thread in the forum including 
all related posts, replies and quotes with a minimum number of 20 posts. In case of chat dataset, a 
network comprises all chat conversations within one chat channel based on a monthly time frame. For 
the micro-blogging dataset networks are defined based on posts with direct references to other users 
within a one hour period. Due to different volume of the data, the number of networks per domain 
differs. Table 1 includes an overview about the 12786 different social networks used for the analysis. 
 
Dataset Number of networks 
Forum Dataset I 1657 
Forum Dataset II 8576 
Chat Dataset III 1925 
Micro-blogging Dataset IV 628 
Table 1.           Number of studied online social networks 
The exchanged linkevents (i.e. messages) in all networks have been analyzed and their sentiment has 
been classified. This has been done with the recently developed sentiment classification software tool 
“SentiStrength” which was developed and evaluated as part of the European FP7 project “Collective 
Emotions in Cyberspace” and represents the state-of-the-art in sentiment classification (Thelwall, 
2012; Thelwall, Buckley et al., 2011). 
The software is capable of detecting positive and negative sentiments in short informal text and is 
therefore appropriate for the above mentioned datasets. The classifier is based on a lexicon-based 
approach and uses an own list of more than 800 human annotated terms. Given text samples are 
analyzed regarding the occurence of these or kindred terms to detect expressions of positive and 
negative sentiment and their strength. The software includes spelling correction and considers booster 
words that alter strength such as “very”, negating words like “not”, repeated letters that can boost 
sentiment, a list of emoticons and other popular abbreviations and incorporates the importance of 
exclamation marks and repeated punctuation. As a result, every analyzed textual message is classified 
as being (1) positive, (2) negative or (3) neutral. Longer messages that contain both positive and 
negative sentiment expressions are classified as (4) positive and negative and are treated as a balanced 
message.  
With the procedure outlined, we were able to produce a coherent dataset that contains multiple 
networks of online interaction with sentiment valence codings from different domains. The data model 
allows us to study and compare the dynamics and in particular the unfolding sequences of 
interpersonal online communication and the affective influence that relates to this interaction behavior. 
4 Analysis Methodology 
To address our theoretical interest in the role of individual influences and the resulting interdependent 
dissemination patterns in online social networks, we adopted network analytical methods to study the 
data described in the previous chapter. To elicit sequences of interactions at the level of the individual, 
we first extracted the respective ego-network for each each single actor (node) within all networks. 
The ego-network of a specific actor is a subset of the complete network containing all neighbor actors 
and the communication in between. Based on the ego-networks, the sequences of incoming and 
outgoing linkevents for all actors were extracted and stored in communication chains. Consequently, 
the communication patterns for all network actors are represented as a string of incoming and outgoing 
messages enriched with their embedded sentiments, for example, incoming positive, outgoing 
negative, incoming positive, incoming neutral, outgoing positive, etc. Figure 2 illustrates the 
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transformation process and shows examples of emerging communication chains. The communication 
chain itself does not take into account the individual sender or recipients of the messages; instead all 
messages are stored in the chain. This process is repeated for every actor in every network from every 
dataset.
In
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Figure 2. Communication chain extraction 
The focus of the analysis is the relationship between incoming and outgoing message exchange. 
Figure 2 demonstrates the identification of communication patterns within node communication chains 
of incoming and outgoing messages. 
The analysis in this paper is based on the measurement of the ratio between the occurrences of 
messages with a defined sentiment type compared to their expected occurrence. The expectations for 
the distribution of the sentiment categories are based on the sentiment population. The simple 
approach of assuming a 25% chance for every category is rejected, due to the fact, that humans 
interacting in online communities adapt the general communication tone over time and such a simple 
approach would lead to unrealistic results. The expected occurrence is determined by the distribution 
of the four sentiment types within the dataset population due to a time-invariance of the distribution 
(see figure 3 showing sentiment distribution of positive and negative linkevents in 100 time intervals 
in all four datasets).  
Forum DS I Chat DS III Micro‐blogging DS IVForum DS II
SD pos: 0,025 
SD neg: 0,014
SD pos: 0,005
SD neg: 0,006
SD pos: 0,008
SD neg: 0,008
SD pos: 0,067
SD neg: 0,026
p p p p
Positive Sentiment Negative Sentiment  
Figure 3.  Time-invariance of sentiment distribution 
This baseline hence expresses with what likelihood a certain sentiment type is expected by chance. For 
example, if the micro-blogging service showed 7% of negative messages and a stable distribution, the 
baseline would let us expect with a probability of 7% that the next (random) message is also negative. 
Due to the four disjoint sentiment categories and two different directions (incoming & outgoing), 16 x 
2 possible combinatory communication-sentiment patterns of message exchange between nodes can be 
defined, e.g. an incoming positive message is followed by an outgoing negative message. 
Despite the change from outgoing to incoming or vice versa, identical directed linkevents occur within 
the communication chains, e.g. repeated incoming messages. However, due to the focus on reception 
and response patterns, the following analysis will only consider subsequent messages with directional 
change, e.g. incoming linkevents followed by outgoing linkevents. Table 2 includes the selection of 
relevant communication patterns derived from the hypothesis introduced above. 
Our hypothesis H1 can be mapped onto the first twelf patterns. Pattern 1-8 express a sequential 
occurrence of sentiments with the same polarity (positive, negative, both pos&neg or neutral), e.g. an 
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incoming negative message is followed by an outgoing negative message. These eight patterns are 
expected to occur significantly more often. The next four patterns can also be associated with 
Hypothesis H1. In these cases, the messages contain a sentiment polarization change, e.g. an incoming 
positive linkevent is followed by an outgoing negative linkevent. These patterns are expected to occur 
significant less often. 
 
Trigger  Reaction Exp 
Incoming (positive) Î Outgoing (positive) 
H1
? 
Incoming (negative) Î Outgoing (negative) 
Incoming (both) Î Outgoing (both) 
Outgoing (positive) Î Incoming (positive) 
Outgoing (negative) Î Incoming (negative) 
Outgoing (both) Î Incoming (both) 
Incoming (neutral) Î Outgoing (neutral) 
Outgoing (neutral) Î Incoming (neutral) 
Incoming (positive) Î Outgoing (negative) 
H1
? 
Incoming (negative) Î Outgoing (positive) 
Outgoing (positive) Î Incoming (negative) 
Outgoing (negative) Î Incoming (positive) 
Trigger  Reaction Exp 
Incoming (positive) Î Outgoing (neutral) 
H2
? 
Incoming (negative) Î Outgoing (neutral) 
Outgoing (positive) Î Incoming (neutral) 
Outgoing (negative) Î Incoming (neutral) 
Incoming (both) Î Outgoing (positive) 
H3 
? 
Incoming (both) Î Outgoing (negative) 
Outgoing (both) Î Incoming (positive) 
Outgoing (both) Î Incoming (negative) 
 
 
 
  
 
    
Table 2.  Selected communication patterns and mapped hypotheses 
The next four communication patterns express a sequence of polarized incoming or outgoing 
linkevents followed by a neutral response (Hypothesis H2). These patterns are expected to be present 
significantly less often. 
The patterns connected with Hypothesis H3 indicate the change from an incoming or outgoing 
balanced linkevent towards a polarized response, e.g. an incoming balanced message followed with a 
negative response which are also expected to be present significantly less often. 
For this analysis, developed software is extracting all communication chains (see Figure 2). For each 
network within a specific dataset, the distribution of the communication patterns according to Table 2 
is determined and the percentaged occurrence is derived.  The “reaction” part of the communication 
patterns is used to identify possible deviations from the baseline. For example, if a dataset has a 20% 
share of positive messages (and a stable distribution over time), in cases in which an incoming positive 
message is followed by an outgoing message (with arbitrarily sentiment), we expect a similar 
polarized positive linkevent in 20% of all cases by chance. If the average share of positive outgoing 
messages as responses to incoming positive messages is significantly higher than 20%, a sentiment 
influence effect is present.  
The percentage share of the selected communication patterns are computed for each network 
separately. These results together with expectations derived from the sentiment population are used for 
a t-test to identify derivations regarding the increased presence or absence of these communication 
patterns. A chi-square test is performed to ensure a normal distribution of the results as a pre-condition 
for the t-test. An alpha level of 0.99 is used to identify statistical significant derivations representing 
communication patterns that occur more or less often than expected by chance. 
5 Results 
As a preliminary step and as input for the baseline calculations of the statistical tests, we have 
analyzed the descriptive sentiment distribution within the four datasets (see figure 4). 
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Forum DS I Forum DS II Chat DS III Micro‐blogging DS IV
 
Figure 4.  Dataset sentiment distribution 
The networks from the four different data sets differ in terms of their sentiment distribution. The 
positive fraction ranges from 24% to the highest share, 47%, in the micro-blogging dataset. The 
negative sentiment linkevents have a share from 7% to 18%. The fraction of both positive and 
negative linkevents ranges from 14% in the micro-blogging dataset to 36% in the forum dataset 1. The 
percentage of neutral messages is least common in forum dataset 1 (19%) and has the highest 
proportion in the chat dataset (38%). The first three datasets exhibit a similiar distribution. The higher 
share of pos&neg messages in dataset 1 is due to the increased average text length and the increased 
occurence of both positive and negative terms. The high share of neutral messages within the IRC 
dataset is a result of the software development environment with more cultivated conversation 
compared to political discussion boards form the BBC website. The Twitter message corpus shows a 
high occurence of positive terms. Due to the prominent useage of informal speech and at the same 
time very short messages, ”SentiStrenght” detects a higher share of neutral and a low share of both 
pos&neg messages.  
Figure 5 includes the results of the analysis regarding the twenty selected communication patterns 
sorted according to hypotheses 1-3. A chi-square test was performed to ensure a normal distribution of 
the results as precondition for the t-test. All results exhibit a sometimes a bit skew normal distribution. 
For each of the four different datasets, the expected values of the communication patterns, the average 
occurrence in real networks as well as the identified deviations between the expected and the observed 
occurrence as identified with a t-test and the concluding trends are presented. Arrows represent the 
directional trends indicated by the statistical test. In case the average occurrence is higher (lower) than 
the expected value and the probability based on a t-test is less than 1%, an upward (downward) arrow 
represents a significant upward (downward) deviation. An empty box represents a non significant 
deviation or equality of both values. 
The results of the first eight communication patterns support hypothesis H1. In all datasets and for all 
communication patterns, the average values are increased compared with the expected values. This is 
valid for the polarized negative, positive, balanced sequences as well as neutral sequence for incoming 
and outgoing messages. 
In case of the sentiment polarization change from positive to negative or vice versa (H1), the expected 
effect is also supported by the empirical results. The remaining insignificant results also exhibit a 
decrease of the values, but not in a statistical significant way. The proposed decrease from polarized 
messages to neutral messages can be found in the data (H2 supported). In nearly all cases, the results 
show a significant decreased occurrence in the data. Three results exhibit a small but not statistically 
significant decrease. 
Regarding H3, in both forum datasets as well as the micro-blogging dataset, the probability of a 
balanced message followed by a polarized one is reduced in the majority of results. In case of the IRC 
dataset, the change from balanced linkevents to polarized messages is partially decreased but not 
statistically significant whereas the transition from balanced to positive is slightly increased.  
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Trigger Reaction Expected  AVG  P Trend  Expected  AVG  P Trend  Expected  AVG  P Trend  Expected  AVG  P Trend 
H1
Incoming 
(positive)  Î
Outgoing 
(positive)
28,47% 31,40% <0,01% Ò 27,52% 29,75% <0,01% Ò 23,63% 25,90% <0,01% Ò 46,79% 50,39% 0,06% Ò 
 Ò Incoming (negative) Î Outgoing (negative) 16,73% 19,22% <0,01% Ò 18,40% 21,69% <0,01% Ò 13,63% 15,13% <0,01% Ò 7,49% 20,09% <0,01% Ò 
Incoming 
(both) Î
Outgoing 
(both) 
35,99% 42,98% <0,01% Ò 21,55% 43,72% <0,01% Ò 24,34% 27,58% <0,01% Ò 14,05% 23,07% <0,01% Ò 
Outgoing 
(positive) Î
Incoming 
(positive)
28,47% 35,75% <0,01% Ò 27,52% 43,20% <0,01% Ò 23,63% 26,30% <0,01% Ò 46,79% 49,29% 0,76% Ò 
Outgoing 
(negative) Î
Incoming 
(negative)
16,73% 25,36% <0,01% Ò 18,40% 35,35% <0,01% Ò 13,63% 15,31% <0,01% Ò 7,49% 15,65% 0,02% Ò 
Outgoing 
(both) Î
Incoming 
(both)
35,99% 41,99% <0,01% Ò 21,55% 41,34% <0,01% Ò 24,34% 27,33% <0,01% Ò 14,05% 25,73% <0,01% Ò 
Incoming 
(neutral)  Î
Outgoing 
(neutral)
18,79% 22,72% <0,01% Ò 32,51% 31,95% 18,97% 38,38% 40,75% <0,01% Ò 31,65% 36,52% 0,01% Ò 
Outgoing 
(neutral) Î
Incoming 
(neutral) 
18,79% 30,68% <0,01% Ò 32,51% 55,33% <0,01% Ò 38,38% 40,74% <0,01% Ò 31,65% 38,15% <0,01% Ò 
H1
Incoming 
(positive) Î
Outgoing 
(negative) 
16,73% 15,83% <0,01% Ô 18,40% 16,40% <0,01% Ô 13,63% 12,66% <0,01% Ô 7,49% 7,49% 99,75%
 Ô
Incoming 
(negative) Î
Outgoing 
(positive)
28,47% 26,78% <0,01% Ô 27,52% 24,07% <0,01% Ô 23,63% 23,15% 1,11% 46,79% 37,08% 0,73% Ô
Outgoing 
(positive) Î
Incoming 
(negative)
16,73% 14,87% <0,01% Ô 18,40% 12,98% <0,01% Ô 13,63% 12,55% <0,01% Ô 7,49% 6,59% 4,13%
Outgoing 
(negative) Î
Incoming 
(positive)
28,47% 24,43% <0,01% Ô 27,52% 19,88% <0,01% Ô 23,63% 23,04% 0,14% Ô 46,79% 35,66% <0,01% Ô
H2
Incoming 
(positive)  Î
Outgoing 
(neutral)
18,79% 17,22% <0,01% Ô 32,51% 22,00% <0,01% Ô 38,38% 36,63% <0,01% Ô 31,65% 27,50% <0,01% Ô
 Ô
Incoming 
(negative) Î
Outgoing 
(neutral)
18,79% 17,34% <0,01% Ô 32,51% 20,71% <0,01% Ô 38,38% 36,90% <0,01% Ô 31,65% 30,02% 60,37%
Outgoing 
(positive) Î
Incoming 
(neutral) 
18,79% 18,38% 7,00% 32,51% 29,36% <0,01% Ô 38,38% 36,82% <0,01% Ô 31,65% 29,44% 0,92% Ô
Outgoing 
(negative) Î
Incoming 
(neutral) 
18,79% 17,94% 0,15% Ô 32,51% 29,16% <0,01% Ô 38,38% 37,15% <0,01% Ô 31,65% 31,43% 93,91%
H3
Incoming 
(both)  Î
Outgoing 
(positive)
28,47% 26,61% <0,01% Ô 27,52% 24,11% <0,01% Ô 23,63% 25,00% <0,01% Ò 46,79% 41,04% 0,35% Ô
 Ô
Incoming 
(both) Î
Outgoing 
(negative)
16,73% 16,11% 0,20% Ô 18,40% 16,77% <0,01% Ô 13,63% 13,52% 37,54% 7,49% 9,92% 2,52%
Outgoing 
(both) Î
Incoming 
(positive) 
28,47% 26,66% <0,01% Ô 27,52% 21,85% <0,01% Ô 23,63% 25,04% <0,01% Ò 46,79% 37,96% <0,01% Ô
Outgoing 
(both) Î
Incoming 
(negative) 
16,73% 16,05% 0,02% Ô 18,40% 14,79% <0,01% Ô 13,63% 13,57% 63,87% 7,49% 8,99% 12,37%
Legend: Ò Significant increase compared with expected results from population
Ô Significant decrease compared with expected results from population
No deviation from population
Forum Dataset I Forum Dataset II IRC Dataset III Micro‐blogging Dataset  IV
 
Figure 5.  Detailed results of the sentiment influence analysis 
In summary, all analyzed social networks exhibit a clear tendency towards increased occurrences of 
sequences of linkevents with a similar sentiment polarization. In addition, all networks showed a 
significantly reduced occurrence of subsequent messages that express different sentiment direction. 
The change from balanced message to polarized messages is also reduced. Neutral messages are 
statistical less probable as responses to sentiment-laden messages. Furthermore, neutral messages do 
show a high likelihood of occurring in a sequence. 
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6 Interpretation 
Our empirical results represent the first necessary step regarding the analysis of concrete 
dissemination patterns of sentiments within online social networks. Prior to searching for complex or 
higher order patterns of dissemination, this work contributes a micro-level foundation with regards to 
the reception and answering behavior of humans in online social networks.  
A first preliminary finding highlights the different percentage shares of positive, neutral and negative 
sentiments in the various social network types. For example, discussion boards appear to exhibit a 
higher share of negative sentiment than micro-blogging platforms. It is hence interesting to conduct 
further research into the different emerging cultures and norms for exchanging messages in different 
online media. We also need to consider whether this share exerts impact on the observable patterns. 
Related to our core research objective, our results of the analysis are conveying a clear support for our 
predicted influence processes: A measureable impact of sentiments on node polarization and 
communication behavior can be supported. This influence can be found in a broad variety of online 
social networks independent of specific communication types in discussion forums, chats and micro-
blogging services. In line with the interpersonal complementarity theory, people participating in online 
networks are significantly influenced by the sentiment of exchanged messages and are likely to 
respond in a similar manner avoiding polarization changes. This research finding extends the 
applicability of extant theories to the online domain. We further generally corroborate the notion of 
social influence and find evidence that it can be broken down to individual paths of influence. It is not 
just a generalized perception (reflected in a survey) but also surfaces as a bias in the concrete reaction 
(behavior) to a particular triggering event. We further can now derive the assumption that individuals 
are likely to develop relationship pairs that exhibit a stable sentiment valence, as in a (stochastic) lock-
in effect. However, future research is necessary to assess this conviction. 
7 Limitations and Conclusions  
In an attempt to advance beyond general perceived influences to a more precise understanding of the 
role of individual influences, this paper has a focus on possible influence processes of sentiments 
conveyed in interpersonal exchanges within online social networks. With our focus on general effects 
we do not address likely differences across social media types like the different tonalities of media or 
weak vs. strong relationships. Furthermore, the analysis is so far limited to simple interaction patterns. 
The analysis of more complex patterns together with content analysis as major requirement to trace 
different parallel conversations as well as research that assesses our results with more recent data can 
be seen as next steps to overcome current limitations. 
Sentiments embedded in textual communication do influence interacting nodes in a significant way 
independent of social interaction types, node roles or activity patterns. Patterns of sentiments within 
incoming and outgoing messages reveal a strong effect where users send messages that attenuate 
polarization changes. Social influence theories and emotional contagion known from real world 
interactions are able to explain processes in online social networks. Moreover, based on our large scale 
analysis, we can conclude that these effects happen regardless of the network domain and also 
regardless of the overall share of positive versus negative sentiment of the interaction medium.  
The analysis of this paper only represents a first step into searching for more complex patterns of 
sentiment distribution or propagation among nodes in social networks. The approach developed in this 
paper can be further enhanced by focusing on specific network links to overcome the missing 
consideration of specific sender- recipient relationships. Future work could further involve various 
node properties, such as analyzing the most active or inactive nodes in networks compared with 
average node activity and node specific influence factors such as gender or age could be incorporated. 
In summary, our study can serve as a starting point for augmenting the current view of a generalized 
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and perceived social influence with more precise processual theories about individual affective 
reactions to relational emotional events and the resulting complex dissemination of sentiments in 
larger groups of actors. This paper provides a more fine-grained understanding of how social influence 
exerts effects in social media. This might motivate further inquiry into the role of sentiment and actor-
relationship (strength) on word-of-mouth effects (e.g. a positive attitude towards some object). 
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